Passengers have faced a history of discrimination in transportation systems. Peer transportation companies such as Uber and Lyft present the opportunity to rectify long-standing discrimination or worsen it. We sent passengers in Seattle, WA and Boston, MA to hail nearly 1,500 rides on controlled routes and recorded key performance metrics. Results indicated a pattern of discrimination, which we observed in Seattle through longer waiting times for African American passengers-as much as a 35 percent increase. In Boston, we observed discrimination by Uber drivers via more frequent cancellations against passengers when they used African Americansounding names. Across all trips, the cancellation rate for African American sounding names was more than twice as frequent compared to white sounding names. Male passengers requesting a ride in low-density areas were more than three times as likely to have their trip canceled when they used a African American-sounding name than when they used a white-sounding name. We also find evidence that drivers took female passengers for longer, more expensive, rides in Boston. We observe that removing names from trip booking may alleviate the immediate problem but could introduce other pathways for unequal treatment of passengers.
Introduction
As technological and market advances of the peer economy continue to outpace regulation, enforcement of responsible behavior within peer economies has been left to internal feedback mechanisms and, occasionally, to the courts. One area of behavior with important social equity implications is that of discrimination in the provision of services. In the transportation sector, Transportation Network Companies (TNCs, also referred to as "ride sourcing" or "ehailing" companies), such as Uber and Lyft, match individual travelers with drivers in real time.
Discrimination by taxi drivers has long been an acknowledged social issue, providing plenty of pop-culture fodder. Taxi drivers in most cities are required to pick up any passenger while on duty, and taxi drivers are reminded of this obligation (Harshbarger (2015) ). Despite periodic high-profile incidents of taxi discrimination (e.g., Donnelly (2015) ; Gonen (2015) ; Glanville (2015) ), equal-service provisions are di cult to enforce.
The relationship between TNCs and discrimination is a complex one. At a high level, a study funded by Uber (Smart et al. (2015) ) found that UberX provided lower fares and shorter waits than taxis in areas of Los Angeles with below-average incomes. Hughes and MacKenzie (2016) found that expected waiting times for an UberX ride were shorter in Seattle-area neighborhoods that had lower average incomes and more minorities, even after adjusting for di↵erences in residential and employment density. While Uber's advertising certainly includes minority customers (e.g., Figure 1 ), popular press articles (e.g., Nicholson (2013) ) have noted that TNC services are unavailable to customers without access to a credit card, who are more likely to be lower-income and members of minorities.
While these systemic concerns may be valid, decisions about where to drive and who to pickup are choices made by drivers-not by the TNCs themselves. Drivers are required to maintain high overall measures of performance including a high star rating from passengers, high ride acceptance rate, and low cancellation rate. However, even these driver-specific performance measures may not detect whether a driver behaves di↵erently to passengers based on their race or gender.
In this paper, we test for discrimination in the peer-to-peer transportation domain. The primary question we seek to answer is whether the rapidly-growing TNC market treats customers of all races and genders equally. Plainly put, is a taxi driver's decision, made in public view, not to stop for a African American passenger being eliminated? Or is it just being replaced by a TNC driver's screen swipe, made in private, that has the same e↵ect? To do this, we undertook two large-scale randomized control trials in Boston, MA and Seattle, WA. We had research assistants (RAs) serve as confederates, summoning rides in both regions. In the Seattle experiment, we hired RAs of di↵erent racial backgrounds. Each RA requested rides along pre-determined routes where the assignment to those routes was randomized across racial backgrounds. In the Boston experiment, each RA requested rides under two di↵erent names: using the nomenclature of Fryer and Levitt (2004) , one name was "white sounding" while the other was a "distinctively black name." 1 For each trip, the RAs gathered data using four screenshots per trip: (i) just before requesting a trip (with expected wait time), (ii) just after a trip is accepted by a driver (with a new wait time), (iii) when a driver arrives for pickup, and (iv) when the vehicle stops at the end of the trip. Using the data gathered from these screenshots, we evaluate waiting times, travel times, drivers' cancellation rates, costs, and (where applicable) ratings awarded by drivers to the travelers.
We find significant evidence of racial discrimination in both experiments. In the Seattle experiment trip requests coming from African American riders take between 16 to 28 percent longer to be accepted for both UberX and Lyft services. For UberX this translates into African American riders waiting between 29 and 35 percent longer for a ride; the e↵ect of race for Lyft is too imprecise to draw any conclusions. Interestingly, the timing of information available to drivers di↵ers across UberX and Lyft. A Lyft driver sees both the name and a photo of the passenger prior to accepting or denying a ride, while UberX drivers see this information only after accepting a request.
In the Boston experiment, we leverage the variation in information timing and collected data on acceptance times, wait times, and driver cancellations. We find that the probability a driver accepts a ride, but then subsequently cancels the ride, more than doubles for African American riders of UberX. As expected, we find no e↵ect on cancellations for African American riders of Lyft because, we surmise, that given that names and photos are visible to the driver prior to acceptance, any discrimination occurs prior to accepting the initial request. We also show that this increase in the rate of cancellations is concentrated among African American males; their cancellation rates are three times that of white males. Furthermore this cancellation e↵ect is concentrated in low population density areas, perhaps because drivers in those areas self select to reduce their interaction with African Americans. We do not, however, find that the increase in cancellation rates manifests itself into increases in wait times, presumably because of the denser network of drivers in the Boston area. While our estimates of the time it takes for the request to be initially accepted are imprecise, we find that acceptance times for African American males on Lyft are longer. This is consistent with some Lyft drivers passing up requests from African American males, while UberX drivers are forced to accept and then cancel these requests.
Discrimination by TNC drivers may occur in at least four primary ways, highlighted in Figure 2 : (i) drivers could elect not to drive in or near certain types of neighborhoods, (ii) drivers could decline to accept reservations from certain types of passengers or could cancel a pickup once the passenger's identity becomes revealed, (iii) drivers could leave low ratings for passengers based on race, gender, or perceived socioeconomic status, (iv) drivers could choose non-ideal routes based on the same factors, increasing costs and/or travel time. Our analysis focuses on the second, fourth, and to a lesser extent the third, of these channels.
Our results fit within existing work that has demonstrated evidence of profound discrimination in the peer economy. Pope and Sydnor (2011) showed that loan requests were significantly less likely to be successful when associated with a African American person than when associated with a white person of comparable credit history. Discrimination can occur even without seeing a person. Ongoing work by researchers at Harvard Business School has demonstrated racial discrimination on both sides of a peer-to-peer transaction on the AirBnB platform. (Edelman and Luca (2014) ; Edelman et al. (2016) ).
Our work also fits within an existing literature that has identified discrimination in the transportation sector. For example, Goddard et al. (2015) finds discrimination behavior of drivers toward pedestrians of di↵erent races, with African American pedestrians at a crosswalk being passed by twice as many cars and waiting 30% longer for a car to stop than white pedestrians. Other research has shown that perceived di↵erences in social class a↵ected vehicle-vehicle and vehicle-pedestrian yielding behavior (Pi↵ et al. (2012) ). Given the presence of discrimination in more traditional parts of the transportation network, we do not claim that TNC networks are "worse" than the status quo. In fact, in the Seattle experiment we had RAs hail taxis and count the the number of empty taxis passing them by. There is a clear di↵erence in the acceptance rate of traditional taxes. The first taxi stopped nearly 60% of the time for white RAs, but less than 20% of the time for African American RAs. The white RAs never had more than four taxis pass them before one stopped, but the African American RAs watched six or seven taxis pass them by in 20% of cases.
Our work highlights several options for reducing discrimination within TNCs. For example, TNC networks could omit personal information about potential riders completely. Names and photos of both passengers and drivers could be replaced with user-specific numbers. Confirmation of these numbers by the driver and passenger could then occur prior to the trip. While this would reduce the type of discrimination found in this paper, other channels of discrimination would remain. Most notably, it would not eliminate the ability of drivers to discriminate in where they choose to drive.
The paper unfolds as follows: In section 2 we describe the set up and results of the Seattle experiment. In section 3, we do the same for the Boston experiment. Section 4 concludes the paper.
Experiment 1: Seattle
Our first study tested for di↵erences in the quality of services received by African American and white passengers using TNCs and taxis in Seattle, Washington. African American and white research assistants (RAs) used UberX, Lyft, Flywheel (app-based taxi hailing), and taxis hailed from the curb to traverse assigned routes within the city of Seattle over six weeks in August -September, 2015. We tested for di↵erences between races and sexes in several measures that could indicate discrimination. These included measures of the speed of service, the directness of the route taken by the driver, and the cumulative "star ratings" received by the passengers.
Experimental Design
We designed seven tours around the city of Seattle, each starting and ending at the University of Washington's Seattle campus and comprising a sequence of pre-determined stop locations linked by individual trips. The stops were located to generate variability in neighborhood characteristics (population density, percentage of residents who are African American, income level), while limiting the individual trips to roughly the distance corresponding to the UberX and Lyft minimum fares. The routes are mapped in Appendix Figure A .1, which also shows selected socioeconomic characteristics at the census block group level. The tours generally took between one and three hours, and were completed following the evening rush hours on Monday through Thursday evenings.
In the first four weeks of the study, we assigned the RAs to rotate between services in the general order UberX-Lyft-Flywheel, after starting each tour with a randomly specified service. At selected stops in downtown Seattle, they were directed to hail a passing taxi from the curb (hailing a taxi from the curb is not feasible in other areas of Seattle, due to a low density of taxis). In the final two weeks of the study, we stopped collecting data on Flywheel, and the RAs alternated between UberX and Lyft (while still hailing taxis from the curb at specified downtown stops).
To avoid confounding the e↵ects of race, sex, and other variables, we generated a fractional factorial experimental design. The variables and levels used in the experimental design are summarized in Table 1 . In this way, we produced a list of tours to be completed on specific days of the week, by travelers of a particular race and sex, beginning with a specified service.
Data Collection
We began data collection with eight RAs: two African American females, two African American males, two white females, and two white males. All of the RAs were University of Washington undergraduate students. We presented the RAs with a list of dates on which the experimental design dictated that a traveler of their race and sex should travel, and they signed up for specific travel days. Each RA completed no more than one tour in a day.
The RAs used smartphones to request rides from UberX, Lyft, and Flywheel, and to log data. We issued each RA an identical smartphone using the same mobile carrier and data plan to minimize variation in factors such as communication latency. The RAs set up passenger accounts with Uber, Lyft, and Flywheel on these smartphones, and included their name and a profile photo with each account (Flywheel did not support profile photos). Profile photos were taken during the RA training session, and consisted of a headshot of each RA with a neutral facial expression, in front of a plain white background.
The RAs logged key information by taking screenshots on their smartphones. We installed an app on each smartphone that displayed the time including seconds, so we could easily read the precise time in each screenshot. For each trip, we instructed them to take four screenshots:
1. Immediately before requesting a trip. This captures the time when a trip was requested, and the estimated waiting time for the passenger to be picked up (displayed in the TNC app).
2. Immediately after a trip request was accepted by a driver. This captures the time when the trip was accepted and a revised estimated waiting time for the passenger to be picked up.
3. When the driver arrives to pick up the RA. This provides the actual pickup time.
4. When the car stops to drop the RA o↵ at the requested destination. This captures the actual dropo↵ time.
The RAs took notes on additional relevant information that arose in the course of their tours, such as deviations from the prescribed experimental plan, cancellations by drivers, problems with data collection, or practical challenges with the prescribed stop locations. For taxis hailed from the curb, the RAs took screenshots when they began trying to hail a cab and when a cab stopped for them. They also kept a count of how many taxis passed by them before one stopped and took a note of this on their phone.
The RAs transcribed key data from their smartphones into a spreadsheet at the end of each tour. The screenshots were deleted from the smartphones after transcription because some of them contained personally identifiable information (names and photos) of the drivers. In addition, we obtained the price and distance traveled for each trip from receipts that were automatically emailed to the research team at the end of each trip. We also deleted the emails containing driver names and photos.
To minimize di↵erences in how the RAs conducted the data collection, we conducted a two hour group training session the week before data collection began. The RAs familiarized themselves with the smartphones and the Uber, Lyft, and Flywheel apps. We provided instructions on the data collection process and on how to interact with drivers. We instructed the RAs to sit in the back seat, minimize their interactions with the drivers, and not indicate that they were collecting data. We also instructed them to enter their destination information via the apps after the driver arrived to pick them up, and if asked, to request that the driver simply follow the navigation app linked to their TNC platform.
There were nevertheless some sources of variability and deviations from the original experimental design. First, due to the RAs' scheduling constraints, we allowed the them to complete some tours on di↵erent days than originally prescribed (e.g., a day earlier or later), but all the trips were completed between Monday and Thursday. Second, we asked the RAs to begin their tours at approximately 6:30 PM each day, but allowed them flexibility to start 30 minutes before or after this time. Third, we gave the RAs some latitude to adapt their data collection on the fly. For example, if dynamic pricing ("surge pricing" for Uber or "primetime" for Lyft) increased TNC fares to more than 2.5 times their base rate, we asked the RAs to switch to another service for that trip. The RAs also switched modes if they faced repeated cancellations or were otherwise unable to complete a trip by the prescribed service. Finally, approximately three weeks into the study, one of the African American male RAs was unable to continue with the project. We hired another African American male RA to take over his smartphone and TNC accounts (after replacing the profile photo with a photo of the new RA) and complete his remaining trips.
Empirical Strategy
Our empirical strategy focused on identifying di↵erences in the quality of service received by the African American and white RAs when traveling by di↵erent transportation services. Here, we explain our various measures of quality of service, and how we tested for di↵erences between travelers of di↵erent races.
We used several di↵erent metrics to quantify the quality of service received by the RAs in this study, and which we would expect to be di↵erent if discrimination were occurring. Several measures of time are illustrated in Appendix Figure A .2, and include:
• Acceptance time is the length of time that passed between when an RA sent a trip request and when that request was accepted by a driver.
• Estimated waiting time 1 is the waiting time that was displayed in the app immediately before the RA requested a ride.
• Estimated waiting time 2 is the waiting time that was displayed in the app after the trip request was accepted.
• Actual waiting time is the length of time that passed between when a trip was accepted and when the driver arrived to pick up the RA.
• Travel time is the length of time that passed between when the driver arrived to pick up the RA and when the RA was dropped o↵ at the end of the trip.
We might expect to see di↵erences in acceptance time between races if drivers discriminate. In the case of Lyft, which showed the passenger's profile photo to the driver as part of the trip request, a driver's likelihood of declining the request might be a↵ected by the traveler's apparent race. In the case of Uber, which showed the passenger's first name to the driver after the trip is accepted, this seems less likely. However, it is possible that some drivers might accept and then quickly cancel a trip after seeing the passenger's name, behavior that some drivers have advocated in online forums (UberPeople.Net, 2015) . Indeed, we adapted the Boston experimental design to be able to directly test for this. In either case, the request would then be passed to another driver, which would lead to a longer delay between the time the passenger requested a trip and when that trip was ultimately accepted.
We might also see di↵erences in estimated waiting time 2 and actual waiting time if drivers discriminate. Let us first assume that a trip request is reliably routed to the nearest driver and then to progressively further drivers if the closer driver(s) decline (or accept then cancel) the request. If at least some drivers tend to decline requests from certain groups, then on average those groups would be matched with drivers who are further away, and would end up waiting longer for a car to pick them up. On the other hand, if the matching of requests to drivers is fuzzier, this e↵ect would be attenuated, since declined requests would sometimes be rerouted to drivers who are actually closer than the original driver. We would expect the e↵ect to be strongest for actual wait times, which is our focus below.
The purpose of this experiment is to test whether racial discrimination is present in TNC services. The "treatment" in this context is race. We used two strategies to analyze the Seattle data. First, we used linear regression to test for di↵erences in several measures of quality of service. Second, we constructed matched pairs of trips by African American and white RAs and tested for di↵erences in the quality of services between these matched groups. In all cases, we analyzed the data for UberX, Lyft, and Flywheel separately.
The general form of our regression model is shown in equation 2.1, for some outcome variable y (e.g., Acceptance Time, Wait Time, etc.) for RA i at location j in situation t. Race i is a dummy variables indicating RA i's race, and X ijt is a vector of covariates unique to the individual, location, and/or situation. For example, X ijt can include neighborhood characteristics or the estimated waiting time associated with the trip request. 2 This yields:
(2.1)
As a robustness check we also present results that control for covariates through balancing. Specifically, we constructed datasets comprising of pairs of observations (one by an African American RA, one by a white RA) that were matched on location, time of day, and the RA's sex. We required exact matching on sex and used Mahalanobis distance (Mahalanobis, 1936) to measure the closeness on time of day and location. We then matched each observation with the nearest observation of a trip by an RA of the same sex and the other race. We also included "calipers" that put an absolute maximum on the di↵erences between the time of day and location of matched pairs. We checked to see that covariates were balanced between the matched sets, and tested for di↵erences in service quality using paired t tests.
Results
We collected data on 581 app-hailed trips in total: 208 Uber trips, 222 Lyft trips and 143 Flywheel trips. Among these trips, 155 were finished by African American female students, 152 by white female students, 129 by African American males, and 145 by white males. The fact that fewer trips were taken by African American males compared to other groups is due to the aforementioned replacement of one African American male RA with another halfway through the data collection process. 3, 4 We first present the results and then interpret them as a whole at the end of the sub-section.
Table 2 provides summary statistics for acceptance time, estimated waiting times, and actual wait times of Uber, Lyft and Flywheel. The number of observations for the acceptance time and actual waiting time of the three modes are di↵erent because some observations were deleted due to the following reasons: (1) the RAs did not take a screenshot immediately before requesting a trip, immediately after a trip request was accepted or immediately when the driver arrived; (2) the times on the screenshots are missing or inaccurate because the clock was fully or partly blocked on the phone; (3) the RAs made typos during data entry (e.g., the time right before requesting a trip is later than the time right after the request was accepted). Some observations of the estimated waiting time 1 were deleted because the estimated waiting time did not show up when the service was busy. Comparing the three services, Lyft requests are accepted more quickly, on average, but Uber has the shortest average waiting time. Flywheel is the slowest when it comes to both trip acceptance time and waiting time.
We first test whether there are systematic di↵erences in the estimated wait times reported by the services' apps. This is a test of whether there were systematic di↵erences in the types of trips that our African American research assistants hailed. Table 3 summarizes linear regression models of the log of estimated waiting time 1 before trip requests were initiated, for UberX, Lyft, and Flywheel. The results indicate that before trips were requested, there were no significant di↵erences in the estimated waiting times presented to African American and white RAs. Table 4 summarizes linear regression models of the acceptance times in Seattle for UberX, Lyft, and Flywheel. We first present a simple test across means, then we control for the estimated waiting time 1 (the waiting time displayed in the app prior to the trip being requested) to control for situation-specific factors that would lead to a longer or shorter response time by drivers; then, we control for the income, population density, African American density, crime rate, and the tours that the trips were on. Note that to conserve on power we include tour fixed e↵ects instead of specific pickup-dropo↵ pairs. We analyze the log of the time measures in order to improve the normality and homoskedasticity of residuals, and allow for the interpretation of e↵ects as fractional changes in acceptance time.
For each of the services, African American riders had longer acceptance times compared to white riders. The e↵ects are statistically significant for each of the four Uber specifications and the four specifications for Lyft. Only when tour and area covariates are controlled for do we see a significant di↵erence of Flywheel acceptance time between African American and white RAs.
Next we turn to the actual waiting times, defined as the time that passes between when the trip request is accepted and when the car arrives to pick up the traveler. Table 5 presents the results of the (log) actual waiting time for UberX, Lyft, and Flywheel. African American travelers waited approximately 30% longer to be picked up than did white travelers when using UberX, even after adjusting for di↵erences in estimated waiting time. However, there is no significant di↵erence in waiting times between African American and white travelers using Lyft or Flywheel.
We also analyze whether the behavior of drivers varied across the race of the passenger after the trip had started. Specifically we look at both the travel time and travel distance. Table 6 shows regression models of the log of travel time for UberX, Lyft, and Flywheel. For each service, we show the ordinary least squares (OLS) regression as well as quantile regressions for the 75th and 95th percentiles. The quantile regressions test for whether the e↵ects are concentrated on fewer very long trips. For UberX and Lyft, the travel time as recorded on the receipt is used as the dependent variable. Flywheel receipts did not include travel time or distance, so the travel time was calculated based on the pickup and dropo↵ times recorded by the RAs. The travel time between the assigned origin and destination was determined using the Google Maps API. The results indicate that the mean UberX travel time was about 8% longer for African American RAs than for white RAs, after adjusting for di↵erences in the length of the assigned trip. Moreover, the 95th percentile travel time was about 16% longer for the African American RAs than for the white RAs. This is consistent with a pattern in which a small number of drivers is causing the longer travel times for the African American RAs. Travel times by Lyft and Flywheel were not significantly di↵erent for African American and white travelers. However, the 95th percentile travel time for female travelers in Flywheel was significantly longer than for males. This suggests that some taxi drivers may have taken female passengers for longer rides than males on similar trips although there is no consistent evidence to this e↵ect. Table 7 summarizes models of travel distance for individual trips by African American and white travelers, based on the distances noted on Uber and Lyft receipts. As with travel time, the expected distance from origin to destination was based on the Google Maps API. There was no significant di↵erence in travel distances between African American and white travelers, except for the 95th percentile distance for UberX. We did not analyze trip distances for Flywheel since Flywheel receipts do not include trip distance. We come back to the di↵erence across platforms below.
The linear regression models control for covariates through adjustment, which assumes a linear relationship between the dependent and independent variables, which may or may not be justified. As a robustness check, we constructed matched pairs of trips by African American and white travelers of the same sex, requested not more than one hour apart, from locations not more than one mile apart. Using this approach, we estimated the e↵ects of race on acceptance time and actual waiting time. The results are summarized in Appendix  Tables A.1 through A .4 , and indicate that our African American RAs waited significantly longer than their white counterparts for UberX trips to be accepted and for an UberX vehicle to show up. 5
Interpretation and Lessons Learned
We summarize the above results as follows. There is some evidence that it takes longer for trip requests from African Americans to be accepted across all of the platforms. The results for estimated wait times suggest that this is not driven by systematic di↵erences in routes or the timing of requests. We also find statistically significant longer wait times for African Americans riding UberX. These e↵ects are as large as 35 log points. We find no significantly di↵erent wait times for either Lyft or Flywheel. Furthermore, we can rule out e↵ects as large as those estimated for UberX. Finally, African American travelers had (marginally) significantly longer travel times than white travelers using UberX, but travel distances were not statistically significantly di↵erent. Neither travel times nor distances were significantly di↵erent for African American and white Lyft travelers.
Taken as a whole, it would appear that there is evidence of racial discrimination among UberX drivers, some evidence of discrimination about Lyft drivers, but no evidence of discrimination among Flywheel drivers. What can explain the stark di↵erence among Flywheel drivers? There are two plausible explanations. The first is that the Flywheel service does not include photos of travelers in their profiles and so cannot present these to drivers. Therefore racial discrimination would have to be based on the names of riders. While some of the names of our African American RAs may have provided drivers with a signal of race, we did not design the experiment to specifically test for this. Second, Flywheel works with existing taxi drivers. It is possible that the subset of taxi drivers who opt into using it are less inclined to discriminate than those who do not opt in. Perhaps taxi drivers inclined to discriminate find it easier to do so by looking at would-be passengers on the street.
We studied the behavior of taxi drivers by having RAs hail a taxi from the curb in downtown Seattle. We instructed RAs to count the number of empty taxis that passed by. Appendix Figure A .6 shows the distribution of the number of taxis that passed. The first taxi stopped nearly 60% of the time for white RAs, but less than 20% of the time for African American RAs. The white RAs never had more than four taxis pass them before one stopped, but the African American RAs watched six or seven taxis pass them by in 20% of cases. Based on the Wilcoxon rank-sum test, the di↵erence in the number of taxis passing by African American and white RAs is highly significant (W = 48, p = 0.0007).
Our results are consistent with both UberX and Lyft drivers discriminating in the process of accepting ride requests. On Lyft, which shows drivers a photo of the traveler along with the trip request, the opportunity for discrimination is obvious. With Uber, which shows only a name, and only after a request has been accepted, the opportunity is less obvious. However, it is possible that some drivers might accept a trip request and then quickly cancel it after seeing the passenger's name, as some Uber drivers have advocated in online forums. In fact, we altered the experimental design in Boston to directly test for this. We discuss this below.
While we find statistically significantly di↵erent wait times for UberX riders, we did not find di↵erences in wait times for Lyft. The longer wait time for an UberX is consistent with the longer acceptance time. If some drivers are accepting then canceling rides, then new drivers have to be assigned, which takes more time. If Uber initially sends the trip request to the nearest driver, then the reassigned driver will tend to be farther away, increasing the waiting time. Why, then, do we not see African American travelers also waiting longer for a Lyft pickup? Admittedly, this is still an open question. One possibility is that Uber and Lyft use di↵erent algorithms to match drivers and passengers. If drivers are assigned based on criteria beyond just proximity to the passenger (e.g., star ratings, amount of time driver has been idle) then the reassigned driver may actually be closer than the original driver, attenuating the e↵ect of discrimination on waiting time. Another possibility is that Lyft gets any discrimination out of the way immediately, so the request can be passed quickly on to another driver. However, Uber drivers might be waiting for some time before ultimately canceling, and only then does the trip request has to go to a new driver, creating an additional delay in pickup.
Experiment 2: Boston

Experimental Design
Our experimental design in Seattle revealed a number of potential limitations to the experiment, which we used to inform the design of the data collection in the Boston study. Some of these we have already discussed. One that we have not discussed is that it is conceivable that di↵erences in measured acceptance times or waiting times might be due to di↵erences in how individual RAs logged their data and this was somehow correlated with race. For example, perhaps African American RAs simply took an extra second or two between taking their screenshots and sending the trip request, and between trip acceptance and taking their second screenshot. We doubt this is the case since we would expect to see this consistently across all platforms, yet we did not see any di↵erence in acceptance times between African American and white travelers when using Flywheel. Moreover, this cannot explain the larger di↵erence in average waiting time (roughly 90 seconds) observed between African American and white passengers using UberX.
A second limitation is that it is possible that di↵erences between African American and white passengers using UberX were due to some drivers having trouble identifying the African American passengers at the pickup points. If, for example, drivers were not expecting an African American passenger, then it might take them longer to see the passenger and drive up to them. This could explain why the pickup times were longer for African American passengers on UberX, even if there were no overt discrimination; although the driver arrives for the pickup in the same amount of time, they might spend more time looking around for the passenger. This might also explain why the travel times for UberX were longer, although the travel distances were not; UberX might record the trip as starting when the driver arrives at the pickup location, even if drivers sometimes spend a little extra time looking around for their passengers. This could also explain why these e↵ects were not detected on Lyft; the drivers have a photo of the passenger from the outset so they know exactly who they are looking for.
Finally, as was mentioned, we did not design the experiment to understand the precise mechanism for discrimination by drivers receiving an UberX trip. As noted, drivers do not receive any information about the passenger until after they accept the request, so it would seem that if they were discriminating, they would need to cancel an accepted trip. Since we did not originally anticipate the possibility of drivers accepting then canceling trips, we did not provide the Seattle RAs with clear instructions about logging cancellations. Sometimes the RAs noted that a cancellation had occurred, but we are not confident that they did so in all cases. It is possible that a driver could cancel and UberX could assign a new driver, without the RA noticing.
We made two major changes to the experimental design for the Boston study. The first is that we designed our study in Boston to use within-RA variation in race to eliminate di↵erences in data collection practices between travelers. To accomplish this requires that the same individual register for two di↵erent UberX profiles and two di↵erent Lyft profiles: one with an "African American sounding" first name and one with a "white sounding" first name. 6 Furthermore, we recruited students with a range of ethnic backgrounds, but whose appearance allowed them to plausibly travel as a passenger of either race. The second change was that we instructed the RAs to watch vigilantly for cancellations. As noted above there is active discussion on driver forums (e.g., UberPeople.Net (2015)) about whether cancellations that are performed quickly are shown to a customer. If drivers can cancel quickly and not appear on a customers screen, then measurements of cancellations by students should be treated as a lower bound, and actual cancellations could be higher than those reported. A third, less substantive change was that due to the increased focus on cancellations, we turned our focus to the largest TNC services UberX and Lyft, and did not perform tests of FlyWheel or street hails in Boston.
Data Collection
Eight individuals traveled as part of the experiment in Boston, using the pseudonyms shown in Table 8 . These pseudonyms were taken from lists of names developed by Bertrand and Mullainathan (2004) that had been strongly identified as African American or white by panels of observers. Paying for the rides presented a challenge, since travel profiles were not real individuals and did not have credit cards. Payment was initially made using institutional purchase cards, but rapid accumulation of Uber and Lyft transactions on a few credit cards raised fraud flags by issuing banks, Uber, and Lyft. To avoid account suspension and potentially stranding travelers in remote parts of the city, we extended payment methods to include their personal credit cards, and eventually PayPal accounts under the pseudonyms issued to the traveling students. However, even this became a challenge as both the accounts under the pseudonyms were canceled by Uber. Ultimately, these challenges led the experiment to be terminated prior to our the planned termination date. The experiment ran from Nov. 5, 2015 to March 3, 2016.
Site and Route Choices
As in Seattle, we developed specific travel tours that consisted of a list of stops with specific pickup and drop o↵ points. These tours ensured that we could control for the demographics of the pickup location and the expected distance and duration of each trip. We performed a GIS analysis of the Boston area, shown in Figure A .7. In determining which location attributes to include in the analysis, we hypothesized that drivers would accept or reject rides based on a mixture of fear and greed. For example "What is my expected revenue for this and future rides, and what is my fear that harm will be done to me by this passenger or others in the pickup location?" We examined pickup locations for household income, population density, measures of minority population density, and the presence of a transit stop at the point of pickup. We used the demographics at each location to help design tours as described below.
The final research design used five unique tours constructed with multiple objectives in mind: (i) start and end near the same place, (ii) limit the distance and duration of each trip to near the minimum fare threshold to reduce overall cost, (iii) induce as much variation in pickup location demographics as possible, (iv) minimize overlap with other tours to reduce likelihood of multiple travelers a↵ecting performance for each other, (v) where possible, to ensure pickup locations were within sight of a business open until at least 9pm.
Rather than indicating the pickup location on a map, students were instructed to enter the complete address of the pickup location and destination to prevent small variations in pickup location based on individuals. Since students were traveling late in the day and sometimes in bad weather, in a few instances students requested to end the last trip of the tour at their home address. These trips, and trips where students realized they had entered the origin or destination address incorrectly, were excluded from trip distance and duration analyses. 7
Traveler Instructions
While the research design includes fixed-RA e↵ects to control for individual variations in behavior (using the UberX and Lyft apps or at the point of pickup) student travelers followed specific instructions in requesting and taking rides in a similar fashion to our Seattle experiment. These instructions were to: (i) enter the complete address of both the pickup location and the destination when requesting a ride to minimize variation in origins and destinations, (ii) minimize interaction with the driver to (A) lower the chances that a driver would recognize them, and (B) to minimize any di↵erences in behavior that would change star ratings, (iii) not to cancel rides unless ride was input incorrectly, (iv) not to give drivers directions unless requested, and (v) to leave five-star ratings unless they felt the driver was threatening or dangerous.
After several initial travel days looking for cancellations, students identified an unanticipated form of driver behavior. Some drivers would accept a ride and then apparently not attempt to pickup the passenger-either not to move at all or even to drive in the direction opposite the traveler. Since this scenario could result in students waiting indefinitely for a ride in unfamiliar locations, we established a threshold of 20 minutes. If after 20 minutes the driver had not made any indication of attempting to pickup the passenger-either contacting the passenger or driving measurably closer to the pickup location-students canceled the ride and flagged the first attempt as a de facto cancellation by the driver. 7 We were aided by the Seattle experiment for calculating statistical power. We calculated the sample size required to detect a variety e↵ects on the means of the variables described above using the summary statistics from Seattle. We calculate the samples sizes required to detect a 5, 10, and 15 percent increase in the variables of interest. We used the UberX sample for our calculations and assume an ↵ of 0.05 and power equal to 0.90. These calculations implied sample sizes of roughly 1,700, 400, and 200 for detectable e↵ects with actual wait times of 5, 10, and 15 percent, respectively. The full results are reported in Appendix Table  A .5. To err on the conservative side, we performed these calculations without including any covariates. In the next section we describe what covariates we included to gain some statistical power. Based on these calculations we targeted 1000 data points for the Boston experiment. Because of the early termination of the data collection in Boston we ended with 911 trip requests.
Empirical Strategy and Analysis
As with the Seattle experiment, the purpose of this experiment is to test for the presence of racial discrimination. In the Boston experiment, treatment is whether the rider has what Fryer and Levitt (2004) refer to as "distinctively black names." Since each of our student travelers used two pseudonyms are able to include RA-specific fixed e↵ects in our econometric specifications. The starting point for our empirical analysis is to estimate di↵erences in the within-RA means of the variables described above across implied race. More specifically, for a given outcome, y (e.g., acceptance time, waiting time, etc.), for RA i, using name k, at location j, at time t, our regressions take the form of:
(3.1)
In some specifications we will omit the RA fixed e↵ects to test for di↵erences across genders. This yields the following variant of equation 3.2:
(3.2)
We will also estimate specifications that control for covariates. 8 These covariates pick up location, trip, and day-of-week e↵ects. We therefore augment equation 3.2, yielding:
3)
y ijkt = 0 + 1 ImpliedRace ik + 2 ImpliedGender i + X j + ✏ ijkt .
(3.4)
Results
We collected data on 911 total trip requests in Boston: 460 trips with Lyft and 451 trips with UberX. Drivers canceled 66 requests (57 actual cancellations, and 9 de facto cancellations in which the driver started the trip without the student or made no apparent pickup attempt). Students canceled 6 trips after recognizing they made input errors in the requests. After excluding cancellations, 839 completed trips remained. Of the 839 completed trips, for estimates of acceptance and waiting times we removed samples where travelers failed to capture a screenshot of one or more timestamps during the trip. 80 trips were removed, leaving 759 trips in which all valid timestamps were observed-372 using UberX, and 387 using Lyft. Of these 759 observations, 46 trips had at least one prior cancellation, leaving 713 observations for Accept Time and Wait Time analysis, 364 using Lyft and 349 using Uber. Table 9 provides summary statistics for request times, wait times, and estimated waiting times for UberX and Lyft in Boston. In cases where a driver cancellation occurred, students recorded the time of the first trip request as the request time. As a result, both Lyft and UberX show large standard deviations in Acceptance Times, and median Acceptance Times are far lower than means for both services. Table 9 and Figure A.8 shows a descriptive comparison of Acceptance Time, Estimated Waiting Time and Actual Waiting Time between African American and White passengers for the UberX and Lyft services. In contrast to results of the Seattle study, waiting times and acceptance times were not substantially longer for African American passengers than for white passengers in either UberX or Lyft; Acceptance Time, Actual Waiting Time 1 and Waiting Time Increase measures were broadly similar across racial groups, and slightly shorter for African American passengers using Uber.
As with the Seattle experiment, we begin by confirming that estimated wait times prior to calling a ride do not systematically vary by name. Table 10 confirms this. Next we turn to cumulative distributions of Acceptance Time, Actual Waiting Time and Waiting Time increase in Figure A .8. As with the basic statistical measure, CDFs do not include broadly di↵erent behavior between demographic groups. Table 11 shows the results of regressions for Acceptance Time in Boston, and Table 12 shows the results of Actual Waiting Time in the Boston experiment.
As predicted by initial sample size estimates, few coe cients of statistical significance can be found in either analysis. For some specifications, Acceptance Times are longer for African American males but with large standard errors. As expected, Actual Waiting Times are highly dependent on Estimated Waiting Times, and all else equal Actual Waiting Times will be lower when the service provider is UberX.
New to the Boston experiment was the ability to analyze cancellations. All 911 observations were used in evaluating cancellation rates -460 observations using UberX and 451 observations using Lyft. Since UberX drivers only see the name of passengers after accepting a ride, we expect to observe di↵erences in behavior only in UberX. If Lyft drivers were to discriminate based on the name, they would simply ignore the ride request, an action which is not directly observable.
We first tabulate the rate of cancellations of trips by service, race, and gender. The results are shown in Table 13 . The simple summary statistics suggest that cancellations against passengers using African American names are substantially higher for trips with UberX, but not for Lyft. For all passengers on UberX, those using African Americansounding names face more than double the cancellation rate than when the same passengers use white-sounding names (10.1% vs. 4.9%). Furthermore, this e↵ect appears larger for African-American male names than for African American female names.
When using UberX, the di↵erence is greater for males than females. For males, those using African American-sounding names face a cancellation rate more than twice as high as those same individuals when using white-sounding names -11.2% cancellation rates for males when using African American-sounding names compared to 4.5% when the same individuals use white-sounding names. The di↵erence is nearly as bad for female riders: the cancellation rate for females is 8.4% when using a African American-sounding name and 5.4% when using a white-sounding name. For Lyft, males face approximately the same cancellation rate, whereas females actually face a lower cancellation rate when using African Americansounding names.
Next we use regression to gauge statistical significance and to control for a broad array of demographic variables for the pickup locations, individual fixed e↵ects for the passengers, and fixed e↵ects for the day of the week. The results from these regressions are shown in Table  14 . We start by analyzing only the means. For Lyft, we find no statistically or economically significant di↵erence across names. The treatment e↵ect for UberX is significant and suggests a more than doubling of the probability of a cancellation for riders using African-American sounding names consistent with the cross-tabs above.
We expand the analysis in two dimensions. First, we include a variety of controls, such as demographics of the pickup location and day of week. Second, we interact the treatment with gender. For completeness we allow the caucasian baseline cancellation probability to also vary by gender. Column 2 presents these results for Lyft. Again, we find little evidence of an increase in cancellations across race or gender. This again serves as a useful null test since drivers can observe the prospective passenger's name prior to accepting. Column 4 reports the results for UberX. We find that discrimination appears to be focused on African American males. The cancellation rate faced by travelers using an African American male name more than doubles (139% increase) relative to a white-male sounding name. To gauge the robustness of this result to RA-specific behavior, Column 5 includes RA fixed e↵ects. The estimate on African American male dummy is robust to the inclusion of these.
We also investigated whether discrimination was isolated to specific pick-up areas (columns 6 & 7). We also interact the African American male indicator variable with the low population density dummy variable. Interestingly, we find that the increase in cancellations is concentrated in low population density areas. In fact, the cancellation rate of riders with African American names is no di↵erent outside of these areas. The e↵ects in low population density areas is startling. In these areas, males with African American-sounding names face an increase in the cancellation rate of 15.7 percentage points; this is a more than tripling of the cancellation rate faced by white males.
We next turn to travel time and distance. Of the 839 completed trips, for estimates of travel distance, time, and cost we removed samples where travelers had entered an incorrect origin or destination address. 19 trips were removed for incorrect origin or destination addresses as entered by the traveler, leaving 820 samples with correct requested trip length and time. We compared the actual travel distance, time and cost as billed on the receipt compared to the travel distance and travel time as estimated on Google Maps between the origin and destination of each scheduled trip. Table 15 shows the results of a regression of the log of actual trip distance (as billed on the UberX or Lyft receipt) compared to the log of estimated travel distance between the origin and destination as predicted by Google Maps. Regressions are estimated using Ordinary Least Squares (OLS), Least Absolute Deviation (LAD) and Quantile regression using values of Tau of 0.75 and 0.95.
Google Maps estimates of distance for each route are strongly significant in all cases, with a coe cient very close to a value of 1. The Surge multiplier (or PrimeTime in Lyft trips) is weakly significant, indicating that drivers will travel farther with a passenger if the passenger is paying more than the standard rate.
Results indicate that female travelers are driven farther. OLS regression using the log of travel distance indicates that female travelers are driven approximately 5% farther. Quantile regressions using Tau of 0.75 and 0.95 indicate that the impact on female travelers increases monotonically with statistical significance on all but Tau of 0.95. Table 16 shows the results of a regression of the log of actual trip duration in seconds (as billed on the UberX or Lyft receipt) vs the log of estimated travel time for the origin and destination as predicted by Google Maps. Regressions are estimated using Ordinary Least Squares (OLS) and Quantile regression using values of Tau of 0.75 and 0.95.
No coe cients are strongly significant, although as with travel distance coe cient on female travelers is positive in all cases, with marginal significance. Coe cient on surge multiplier is strongly positive, indicating that trips tend to last longer when the passenger is paying more than the standard rate.
This behavior was confirmed by anecdotal evidence from female passengers. Some excessive fares were the result of drivers who started the trip before picking up the passenger or ended the trip after dropping o↵ the female passenger. Other female riders reported "chatty" drivers who drove extremely long routes, on some occasions even driving through the same intersection multiple times. As a result, the additional travel that female riders are exposed to appears to be a combination of profiteering and flirting to a captive audience. 9
Conclusions
Transportation sharing networks such as UberX and Lyft bring a number of benefits to the economy, ranging from cheaper transportation options to employment opportunities for drivers. The digital platform of sharing networks can also reduce discrimination because it can control what drivers know about the passenger prior to pickup.
To better understand the degree of discrimination present in current ride sharing networks, we designed two large-scale randomized control trials, one in Seattle and one in Boston, where we varied the race or perceived race of passengers.
We found that African American travelers in Seattle experienced statistically significantly longer delay waiting for a trip request through UberX or Lyft to be accepted. African American travelers also waited significantly longer for an UberX vehicle to arrive and pick them up than did white travelers, but waiting times were the same for African American and white travelers using Lyft. Finally, we note that UberX drivers see only a passenger's location and star rating before accepting or declining a trip request, and see the passenger's name after accepting. Lyft drivers can see the passenger's name and photo before accepting or declining the request.
Based on these findings, we theorize that at least some drivers for both UberX and Lyft discriminate on the basis of the perceived race of the traveler. Because UberX drivers see a passenger's name and photo only after accepting a trip, UberX drivers discriminate by canceling after accepting the trip and seeing the passenger's name whereas Lyft drivers simply choose not to accept a trip. The added step associated with discrimination among UberX drivers increases wait times.
Given these results, we adapted the Boston experiment to more closely focus on cancellations. We found that UberX drivers are nearly three times as likely to cancel a ride on a male passenger upon seeing that he has a "black-sounding" name. This e↵ect is robust across numerous model specifications and seems to be driven primarily by behavior in areas with low population densities. In these extreme cases drivers are more than four times as likely to cancel on a African American male passenger than on a white male passenger. As expected, given that Lyft driver see passenger information prior to accepting a ride, we find no e↵ect of race on Lyft cancellations. We also found that UberX drivers were more likely to cancel trips for passengers being picked up near subway stops, perhaps because a passenger at a subway stop is either a low-income passenger, or a subway stop indicates a multi-modal journey with a lower expected revenue.
Using the most direct measure (observed cancellations in Boston) there appears to be evidence that African American passengers receive worse service, compared to white riders, in TNC or ride-hailing based services such as Uber and Lyft. This discrimination is not the result of any policy by ride hailing providers, but rather the behavior of individual TNC drivers. It is important to note, however, that we compare service quality across African American and white passengers within TNC services. That is, we do not compare the relative amount of discrimination across TNC and traditional taxi-cab services. In our Seattle experiment we found that discrimination within traditional taxi-cab also exists. The first taxi stopped nearly 60% of the time for white RAs, but less than 20% of the time for African American RAs. Furthermore, white RAs never had more than four taxis pass them before one stopped, but the African American RAs watched six or seven taxis pass them by in 20% of cases. These di↵erences are statistically significant.
Potential Modifications for TNC Service Providers
Aggregate measures of service delivery by TNC providers appear to do little to dissuade drivers from discriminating against passengers to whom they do not wish to deliver service, or from driving di↵erently based on the gender of the passenger. TNC providers could consider a number of additional measures to ensure fairness in service delivery: 1. Do not use names to identify passengers and drivers. Instead, provide a unique passcode that is given to the passenger and the driver to confirm the correct identity at the time of pickup. However, this could lead to unintended consequences for passengers' star ratings and subsequent ability to request rides, if discriminating drivers who would otherwise decline or cancel a request are instead compelled to transport the passenger.
2. To avoid extended rides given to female passengers, fixed fares could be o↵ered between pickup and drop o↵ points. This would eliminate additional fares paid by female passengers and provide a disincentive for drivers to travel farther than necessary.
3. Since cancellations likely cost travelers more time than declined requests, increasing the disincentives for driver cancellations, including de facto cancellations where the driver makes no attempt at a pickup, may be appropriate.
4. Perform periodic audits of driver behavior that appears to be discriminatory in nature.
5.
Counterintuitively, if one accepts that a certain number of drivers are inclined to discriminate, and it is di cult to police such behavior, the Lyft model of providing a name and photo immediately might lead to less negative outcomes for travelers. This is because a declined request leads to a small increase in acceptance time, but is quickly re-routed to another nearby driver. Although this presumably leads to small (though undetectable in our data) increases in waiting time, this e↵ect is likely smaller than the time wasted on a cancellation, which is the likely outcome if passenger information is not revealed until after the trip is accepted.
6. Ultimately, passengers might resort to creating accounts with nicknames that deidentify their race. This study identified the relative ease with which Uber and Lyft accounts with arbitrary names can be created. This simply requires an email address and a form of payment, the name of which doesn't necessarily need to match that of the rider account.
7. Finally, TNC services have a treasure trove of data that could also be analyzed for evidence of discrimination across the channels we investigate as well as others. While these data obviously would not be generated from an experimental setting, it would be possible to analyze both cancellation and wait times across passengers. These data could also speak to the heterogeneity in these e↵ects across geography and driver characteristics. Finally, researchers could also analyze the areas where drivers choose to serve and how this a↵ects wait times. Notes: This table shows the number of trips taken and summary statistics for the time until the request was accepted (Acceptance time), the estimated wait time reported by the app when the trip was requested (Est. wait time 1), and the actual wait time from when the trip was requested (Actual wait time) for the Seattle experiment. In addition, we report the means of these three variables by race. Notes: This table shows regression models of the log of the time it takes until a trip is accepted for the Seattle experiment. We split the regressions by service (UberX, Lyft, and Flywheel). The first model is a simple di↵erence in mean times across African Americans and white. The second model controls for the estimated wait time prior to the trip being requested. Model 3 includes route fixed e↵ects, where routes are defined as a pre-determined chain of trips, and pickup-location characteristics to control for characteristics of the trip. For route characteristics, we use demographics from the Census Block Group of the pickup point using 2010 data. High Income is defined as median household income greater than $75k annually (top 25%), Low Pop Density is defined as fewer than 6750 people per square mile (lower 25%), and High AA Pop is defined as more than 1890 African American people per square mile (top 25%). Notes: This table shows regression models of the log of actual wait time from when the trip was requested to the time the research assistant was picked up in the Seattle experiment. We split the regressions by service (UberX, Lyft, and Flywheel). The first model is a simple di↵erence in mean times across African Americans and white.
The second model controls for the estimated wait time prior to the trip being requested. Model 3 includes route fixed e↵ects, where routes are defined as a pre-determined chain of trips, and pickup-location characteristics to control for characteristics of the trip. For route characteristics, we use demographics from the Census Block Group of the pickup point using 2010 data. High Income is defined as median household income greater than $75k annually (top 25%), Low Pop Density is defined as fewer than 6750 people per square mile (lower 25%), and High AA Pop is defined as more than 1890 African American people per square mile (top 25%). Notes: This table shows regression models of the log of the travel distance. We split the regressions by service (UberX, Lyft, and Flywheel) . For Uber and Lyft, travel times are those recorded on receipts. For Flywheel travel times are calculated based on RAs' recorded pickup and drop o↵ times. The estimated travel times of the three services are calculated using Google API according to the assigned origins and destinations. The first model is ordinary least squares regression. We control for both race and gender, and include route fixed e↵ects, where routes are defined as a pre-determined chain of trips, and pickup-location characteristics to control for characteristics of the trip. The next two models are quantile regressions of the 75th and 95th quantile, respectively. For route characteristics, we use demographics from the Census Block Group of the pickup point using 2010 data. High Income is defined as median household income greater than $75k annually (top 25%), Low Pop Density is defined as fewer than 6750 people per square mile (lower 25%), and High AA Pop is defined as more than 1890 African American people per square mile (top 25%). Research assistant names used in the Boston experiment. The first name is meant to reflect a stereotypical African American name, while the second is meant to project the research assistant as caucasian. Notes: This table shows the number of trips taken and summary statistics for the time until the request was accepted (Acceptance time), the estimated wait time reported by the app when the trip was requested (Est. wait time 1), and the actual wait time from when the trip was requested (Actual wait time) for the Boston experiment. In addition, we report the means of these three variables by race. Notes: This table shows linear probability models for cancellations in the Boston experiment. We first show the results for Lyft requests only. Lyft provides the name and photo of the prospective rider prior to the Lyft driver accepting the ride. Therefore, we would not expect to see an impact of name on the probability of a cancellation since any discrimination that could occur would happen prior to acceptance. An UberX driver does not see the name of the prospective passenger until after accepting the ride. One channel of discrimination, therefore, would be for the driver to accept the ride, receive a signal about the rider's race, and then cancel. The first model is a simple di↵erence in the average rate of cancellations across implied race. We then add day of week and pickup location characteristics as controls and allow for gender di↵erences. The third model for Uber adds research assistant fixed e↵ects. The fourth model adds an indicator variable for whether the pickup location is a public transit location in case the attractiveness of these rides is di↵erent. The final model interacts the African American male name with an indicator variable for whether the location is in a low-population density area. For route characteristics, we use demographics from the Census Block Group of the pickup point using 2010 data. High Black Pop is defined as 20% or greater African American population, High Income is defined as median household income greater than $60k annually, and Low Population Density is defined as fewer than 12800 people per square mile. Notes: This table shows regression models of the log of the travel distance. We split the regressions by service (UberX and Lyft). For Uber and Lyft, travel times are those recorded on receipts. The estimated travel times of the three services are calculated using Google API according to the assigned origins and destinations. The first model is ordinary least squares regression. We control for both race and gender, and whether surge pricing is in e↵ect. The next two models are quantile regressions of the 75th and 95th quantile, respectively. Notes: This table shows regression models of the log of travel time. We split the regressions by service (UberX and Lyft). For Uber and Lyft, travel times are those recorded on receipts. The estimated travel times of the three services are calculated using Google API according to the assigned origins and destinations. The first model is ordinary least squares regression. We control for both race and gender, and include route fixed e↵ects, and whether surge pricing is in e↵ect. The next two models are quantile regressions of the 75th and 95th quantile, respectively. 
